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ABSTRACT

In recent years, researchers have explored new ways to obtain information from pathological tissues, also exploring
non-invasive techniques, such as virtual biopsy (VB). VB can be defined as a test that provides promising outcomes
compared to traditional biopsy by extracting quantitative information from radiological images not accessible through
traditional visual inspection. Data are processed in such a way that they can be correlated with the patient’s pheno-
typic expression, or with molecular patterns and mutations, creating a bridge between traditional radiology, pathology,

genomics, and artificial intelligence (Al). Radiomics is the backbone of VB, since it allows the extraction and selec-
tion of features from radiological images, feeding them into Al models in order to derive lesions’ pathological char-
acteristics and molecular status. Presently, the output of VB provides only a gross approximation of the findings of
tissue biopsy. However, in the future, with the improvement of imaging resolution and processing techniques, VB could
partially substitute the classical surgical or percutaneous biopsy, with the advantage of being non-invasive, comprehen-
sive, accounting for lesion heterogeneity, and low cost. In this review, we investigate the concept of VB in abdominal
pathology, focusing on its pipeline development and potential benefits.

INTRODUCTION imaging. This paradigmatic shift is encompassed in the defi-

In abdominal pathology, diagnosis is usually obtained by
combining information from physical examination, labora-
tory tests, imaging, and tissue biopsy. The latter plays a key
role in detecting, characterising, and providing molecular
information from the extracted tissues. Unfortunately, due
to tumour heterogeneity, the retrieved specimens usually
do not fully represent the lesion." Moreover, biopsy pres-
ents several drawbacks including the risk of adverse events,
such as bleeding, physical, and psychological discomfort.”

The advent of anatomic and functional diagnostic imaging
has improved the non-invasive characterisation of tissues
and brought a decrease in the overall number of biop-
sies.” However, considerable limitations still exist, because
imaging mainly provides a subjective evaluation that is
strongly influenced by reader experience and that retains
a variable degree of uncertainty. Contextually, new tech-
nologies are unveiling the molecular complexity of the
disease, in particular cancer, through the analysis of tissue
specimens. Therefore, there is an emerging need to provide
deeper insight into the molecular drivers of disease through

nition of virtual biopsy (VB), a test that provides promising
outcomes compared to traditional biopsy by extracting
quantitative information from radiological images not
accessible through visual inspection. Data are processed to
deliver information on the patient’s phenotypic expression,
or molecular drivers of disease, creating a bridge between
traditional radiology, pathology, genomics, and artifi-
cial intelligence (AI). The information extracted by VB is
complementary to that obtained through traditional visual
inspection of radiologists, since it is imperceptible to the
human eye.” In the future, VB could partially substitute
traditional biopsy and have the following potential bene-
fits (Figure 1): complication risks of VB are null; costs are
low since the information is extracted from readily avail-
able radiological images; the report can be immediately
provided to the patient, affecting positively the treatment
timetable."

VB biomarkers are mainly obtained with radiomics, the
extraction of quantitative features from medical images
followed by the conversion of radiological information
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Figure 1. Scheme of the proposed virtual biopsy pathway. The patient undergoes the MRI imaging process, then the virtual biopsy
will be performed instead of a traditional tissue biopsy. Finally, according to the results, the radiologist will write the clinical report

processed image.

Virtual Biopsy pathway

i Patient

into mineable high-dimensional data.*” Radiogenomics is
an emerging area within radiomics aimed at creating a bridge
between phenotype and genotype. It investigates the correlation
between quantitative radiomics features and the corresponding
gene expression profiles." In this review, we will investigate the
role of VB in abdominal pathology, focusing on its pipeline
development and potential benefits.

THE VIRTUAL BIOPSY PIPELINE

Model development

The first step of the VB pipeline consists of the collection of
data (Figure 2a). To develop a robust radiomics/radiogenomics
model, multi-dimensional and multi-institutional data should
be collected including high-quality annotated medical images,
clinical, pathological, and molecular data. This will ensure gener-
alisability across imaging protocols and patient populations.
The second step consists of data harmonisation (Figure 2b) to
reduce data variability that is performed either by normalisa-
tion, by histogram-matching—where intensity histograms are
transformed to match a reference histogram—or, finally, by the
ComBat method.® To achieve a reliable output, the data set is
divided into groups: the first group is used to train the model,
the second to test and fine-tune it, and the last for its validation.
Validation data sets can be internal, when applied in a similar
clinical setting and population of the training set, or external,
when applied in different clinical settings or populations with
different characteristics, e.g. with varying disease prevalence.”’
External validation ensures wider generalisability of the model.

Once the image data sets have been pre-processed, lesions are
highlighted by tracing either 2D regions of interest (ROIs) or
3D volume of interest (VOIs) to differentiate them from the
neighbouring structures (Figure 2c). This task is called “ROI

P

Tissue biopsy Clinical report |

Segmentation” and can be either manual, semi-automatic, or
fully automatic. Manual and semi-automatic segmentation
methods are time-consuming and may lead to high intra- and
interobserver variability.® Moreover, the development of auto-
matic segmentation systems is hampered by the lack of large
annotated data sets, large variability in cancer and organ shapes
and tissue heterogeneity.

The third step in the workflow is features extraction (FE) from
the segmented ROIs (Figure 2d). Typically in the initial stage,
a large number of features is extracted including: (a) first-order
features, from gray-level intensity histograms and lesion shape;
b) second-order features, related to the spatial relationship
between pixels, calculated using different matrices, e.g. gray-
level co-occurrence (GLCM), gray-level run-length (GLRLM),
gray-level dependence (GLDM), gray-level size zone (GLSZM),
neighbouring gray tone difference (NGTDM); (c) transform-
based features, e.g. Wavelet, Gabor, Laws, Laplacian.

A features selection (FS) step will allow (Figure 2e) to select,
as input of the model, only features that are reproducible, non-
redundant, and relevant for the task. Moreover, FS is crucial to
develop robust and generalisable models, since the higher the
number of features in a model and/or the lower the number
of cases, the higher the risk of overadaptation of the model to
the training data, in other words of overfitting.* Finally, FS will
reduce the computational cost, while improving the performance
of the model.” Some FS methods use a score, based on the rela-
tionship between each feature and the desired output, evaluated
using statistical techniques (e.g. area under the receiver oper-
ating characteristic (ROC) curve (AUC), Mann-Whitney U test,
Pearson y° test). Others are based on machine learning (ML),
where FS is performed automatically by one of the following

2 of 10 birpublications.org/bjro

BJR Open;5:20220055



Review article: Virtual Biopsy in abdominal pathology: where do we stand?

BJR|Open

Figure 2. The VB steps are divided as following: (a) data collection, where radiological images, clinical and genetic data are
acquired; (b) data hormonisation, where all data are normalised according different methods; (c) ROl segmentation: the radiolog-
ical images are segmented according to the area of interest. The development of VB signature can be performed using Machine
Learning, which includes the following steps: (d) features extraction, (e) features selection and (f) model development; if Deep
Learning is used, the only necessary steps will be (g) model development. ROI, region of interest; VB, Virtual Biopsy.
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methods: genetic algorithms,'” maximum relevance minimum
redundancy,'"'* affinity propagation,'” least absolute shrinkage,
and selection operator.””° Finally, in the last step (Figure 2f),
the radiomics methods are developed using algorithms such as
logistic regression,'*!” k-nearest neighbour,'® naive Bayes clas-
sifier,'” support vector machines,””*' random forest,”>*’ neural
network**?* and deep learning (DL).?**” The main characteristic
of DL is that it does not require the steps of FE and FS, since
information is automatically extracted from the images by the
algorithm (Figure 2g).

* Disease characterization
* Genotype characterization l

—
Virtual Biopsy’s output I

Clinical validation

After developing and tuning the model on the training and
testing data sets, the algorithm is validated on different data sets,
to evaluate its robustness, reliability, and generalisability. The
goal of the clinical validation is to assess if VB can detect and/
or characterise tissues in a similar way to conventional biopsy,
to drive treatment choice, and to predict patient outcomes. For
the above reasons, a robust and reliable gold-standard should
be always available, as the result of conventional biopsy or addi-
tional tests performed on the tissues.
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Algorithm performances can be assessed using different metrics,
i.e. accuracy, sensitivity, specificity, negative- and positive-
predictive value. However, one of the most used metrics in clin-
ical validation is the ROC curve analysis. This method consists
in computing the ROC curve, a graphical plot that illustrates
the true-positive rate against the false-positive rate at various
threshold settings given by a classifier system and measuring
the area under the curve (AUC), evaluating the probability that
the model ranks a random positive example more highly than
a random negative one. In cases where there are wide dispar-
ities between classification groups, AUC values may not be a
reliable metric since it doesn't differentiate false-negative from
false-positive elements. AUC ranges between 0 and 1, where 1
indicates the 100% correct prediction.

Inliterature, most VB studies rely on retrospective data collection.
In such conditions, algorithm performances might be overesti-
mated since patients enrolled for both model development and
validation fulfilled specific inclusion criteria, which may not be
representative of a global clinical reality. Efforts should be made
to overcome the issue to develop more generalisable models. One
way to accomplish this task is to enrol patients prospectively.
Indeed, in prospective cohort studies, although some partici-
pants might harbour risk factors, the group of interest does not
have a confirmed clinical outcome. Only prospectively validated
radiomics models will have the opportunity to be introduced
into clinical practice.

METHODS AND MATERIALS

This review provides an overview of VB applications in abdom-
inal oncologic pathology. Relevant articles, published from
January 2019 to December 2021, were identified by searching on
Google Scholar and PubMed. Searches were manually supple-
mented, and retrieval of any additional articles meeting eligi-
bility criteria was included in the reference list. Keywords used to
select articles were: virtual biopsy, radiomics, abdominal organ
(prostate, pancreas, liver, bladder, colorectal, uterus, gynaeco-
logical, kidney, gastrointestinal stromal tumour (GIST)), detec-
tion, characterisation, and radiogenomics. Published studies
fulfilling the following criteria were included: (i) oncologic-
related; (ii) the gold-standard was the biopsy outcome; (iii) the
aim of the paper was at least one of the following: detection,
characterisation, radiogenomic analysis of the disease; (iv) the
VB system radiomics pipeline was described in detail, including
the feature extraction method, selection, and development of
ML and/or DL models; (v) the study was written in English;
(vi) the developed model was validated (either internally or
externally).

Using this search strategy, 63 out of 109 articles met the inclu-
sion criteria and were considered relevant for this review. Among
them, 10 were related to the prostate, 13 to the female pelvic area,
30 to the gastrointestinal (GI) tract, and 10 to miscellaneous
organs.

No ethical approval was required for this study.

RESULTS

Gastroenteric tract

Gastrointestinal stromal tumour

GISTs VB studies are presented in Supp Table 1.'**3% GISTs are
the most common of the rare non-epithelial neoplasms of the
GI tract, accounting for 0.1-3% of malignancies’* and are classi-
fied into four groups, very-low, low, intermediate, and high risk
of cancer, according to pathological tumour size, location, and
mitotic count. Treatment depends on risk category and disease
stage. VB biomarkers have been developed to classify patient
risk, taking into account lesion heterogeneity. In particular,
Song et al'' and Zhang et al”® developed models based on CT
scans, capable of stratifying patients between low and high risk,
yielding an AUC of 0.85 and 0.94, respectively. Other studies,
such as those from Zhang et al’’ and Zhao et al*’ developed
radiogenomics models to evaluate Ki-67 expression, to predict
disease-specific survival and risk of recurrence. Of the above,
preliminary assessment of the Ki-67 expression was the most
promising (AUC = 0.78 in both studies).

Colorectal cancer

VB studies on colorectal cancer (CRC) are presented in Supp
Table 2.°>"* In the context of CRC, VB could provide infor-
mation on tumour stage and grade. To this point, Ma et al*’
developed an MRI-based radiomics model dichotomising CRC
patients into poor and high-to-moderate histological grade, and
into T1-2 and T3-4 stages, resulting in an AUC of 0.86 and 0.81,
respectively.

Regarding genotype characterisation, efforts have been made
toward the detection of carriers of BRAF and RAS (KRAS and
NRAS) gene mutations, which are usually associated with shorter
disease-free and overall survival, that however may benefit from
tailored therapies. Assessment is usually performed through
genetic molecular profiling of tissue biopsy which carries several
drawbacks, as discussed in previous sections. Cui et al’> were
able to demonstrate that radiomics can predict RAS and BRAF
mutation status in patients with CRC with acceptable perfor-
mances (AUC of 0.74).

Liver cancer

VB studies on primary neoplasms, the most common being hepa-
tocellular carcinoma (HCC), and liver metastases are reported in
Supp Table 3."%*"* Wu et al*® developed a VB model to clas-
sify patients with HCC according to tumour stage by integrating
radiomics and clinical features. The model they developed
showed encouraging results (AUC = 0.80). VB approaches were
also proposed to explore the relationships between the immune
cell microenvironment and tumour initiation, progression, and
dissemination. For example, Hectors et al*® assessed early HCC
recurrence predicting values of radiomics and genomics features
to immunotherapy targets (CTLA-4 and PD-1), yielding prom-
ising results (AUC = 0.76). There is a need to develop improved
methods to accurately predict the gene-mutational status of liver
metastases, to select the best treatment for each patient, paving
the way to precision oncology. One example was provided by
Shi et al,'® who investigated whether radiomics and/or semantic
features could classify patients with CRC liver metastasis
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according to their mutational status. They found that, based on
the status of RAS and BRAF, they were able to develop and vali-
date a combined score to distinguish between mutant and wild-
type lesions, yielding promising performances (AUC = 0.79).

Pancreatic cancer

VB studies on pancreatic cancer are reported in Supp Table
4.22:2350-57 papcreatic adenocarcinoma (PDAC) comprises 90%
of pancreatic neoplasms, the remaining being pancreatic neuro-
endocrine tumours (PNET; 2-10%) and other rare subtypes. Due
to the late onset of symptoms, most patients with PDAC are diag-
nosed with locally advanced (30-35%) or metastatic (50-55%)
disease,’® while smaller PDACs (<2 cm) are inconspicuous and
may evade detection. VB could potentially allow the detection
of pancreatic cancer in an earlier stage when the disease is still
curable. Several Al models have been proposed for this purpose.
For example, Chen et al’’ developed a CT-based model to inves-
tigate whether ML radiomics could differentiate between PDAC
and non-cancerous tissue with encouraging performances (accu-
racy of 0.86). Once the cancer diagnosis has been made, it will be
necessary to determine the tumour grade. Preliminary studies
have shown promising results in the classification both of PDAC
and PNET with VB. To this point, Gu et al”* developed and vali-
dated a nomogram, which includes both radiomics and clinical
features, to non-invasively classify Grade 1 vs 2/3 PNET patients.

Intraductal papillary mucinous neoplasms (IPMNs) represent
a heterogeneous group of cystic pancreatic neoplasms. The
management of IPMN remains controversial. Until not long
ago, surgical resection was recommended to prevent the onset of
malignant pancreatic cancer. Unfortunately, this strategy has led
to overtreatment and postoperative complications, leading to an
increase in the risk of co-morbidity and mortality of 50 and 4% of
cases, respectively.”’ Current guidelines recommend the mainte-
nance of a balance between the risk of potential malignant trans-
formation and the risks of pancreatic resection,’® suggesting that
only patients with high-grade dysplasia (HGD) should undergo
surgery.”’ In this context, the VB system to pre-operatively
assess IPMN grade could support the decision process, reducing
the drawbacks of an invasive biopsy. An example is given by
Tobaly et al,”” who developed a CT-based model to differentiate
between LGD, HGD, and invasive IPMN. Despite the challenge
of constructively integrating clinical-biological and radiological
data, their radiomics model showed encouraging performances
(AUC = 0.71) in a large validation set (n = 112) and was able
to reliably differentiate the different IPMN grades, particu-
larly benign (low-grade dysplasia) from malignant (high-grade
dysplasia and invasive carcinoma) ones, potentially contributing
to better patient management.

Urogenital tract

Kidney cancer

Renal cell carcinoma (RCC) comprises three main histopatho-
logical subtypes: clear cell (ccRCC) (90% incidence; poorer prog-
nosis), papillary (pRCC), and chromophobe (cRCC), the former
two representing 80-90% of all cases.”"*” Diagnosis of different
subtypes is not readily obtained by imaging and biopsy, which
plays a key role in confirming cancer diagnosis, carries a 14%

non-diagnostic rate in patients with small renal masses and has
a low negative predictive value (70%) in ruling-out cancer. VB
has been proposed to overcome some of the limitations of the
current diagnostic pipeline (Supp Table 5).'>%2"° Indeed, Said
et al® successfully implemented an ML-based model to differ-
entiate RCC from benign tissue and to classify renal masses into
different histotypes based on MRI examinations.

The current standard of care for the management of RCC is
partial, or radical nephrectomy. However, the rising incidence
and increasing detection of small lower risk RCC have led to
alternative less invasive treatment options, such as percutaneous
ablation or lesion monitoring within wait-and-see or active
surveillance programmes. In this context, pre-treatment assess-
ment of tumour aggressiveness is of key importance for clinical
decision-making. Based on MRI, Purkayastha et al'* developed
a non-invasive VB model to differentiate between low- and
high-grade RCC, yielding an AUC of 0.59. Also, Gurbani et al®®
were able to discriminate kidney cancer grade on CT scans, with
an AUC of 0.67 in the internal validation set. Further analysis
should be carried out on multicentric data sets and by combining
clinical and/or pathological features in the ML model.

Bladder cancer

Bladder cancer (BCa) can be stratified into low- and high-
grade based on the presence or not of invasion of the muscle
layer. Unfortunately, grade assessment is not always conclusive.
Moreover, although most non-muscle-invasive bladder cancers
(NMIBCas) are low grade and have an indolent natural history,
approximately 20-25% of NMIBCas may progress locally, with
invasion of the muscolaris propria, or develop distant metas-
tases.”"®” Currently, cystoscopy together with histological eval-
uation of the resected tissues is the mainstay of diagnosis and
clinical staging of BCa. However, as biopsy is unlikely to sample
every part of the tumour, staging may be inaccurate, and up to
25% of muscle-invasive bladder cancers can be initially misdiag-
nosed as NMIBCas. Repeated examinations improve the diag-
nostic yield, but this implies higher costs and may be distressing
for the patient.
Supp Table 6°°7° reports on several studies addressing the
assessment of involvement of the bladder wall with VB. Of note,
Zhang et al®’ developed a non-invasive DL-based VB model to
pre-operatively stratify patients according to the muscle-invasive
status of BCa. Their model, applied on the external validation
set, outperformed the radiologists in terms of accuracy (readerl
= 0.74. reader2 = 0.57, DL model = 0.75) and specificity, while
sensitivity was lower. It could well be that radiologists in the
study had a higher propensity to report the invasion of the
muscular layer due to their fear of the consequences of missing
MIBC. Regarding tumour grade staging, Wang et al°® proposed a
radiomics model to pre-operatively discriminate low- and high-
grade BCa tumours, reaching high performances (AUC = 0.93).
Finally, concerning BCa genotype characterisation, Lin et al’’
developed a nomogram incorporating radiomics, clinicopatho-
logical parameters, and RNA-sequence data for predicting the
overall survival of patients with bladder urothelial carcinoma
(BLCA), yielding an AUC of 0.96.
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Ovarian cancer

VB studies on ovarian cancer (OC) are reported in Supp Table
716177177 Epithelial OC (EOC) is the most common and lethal
among gynaecologic malignancies since more than 80% of cases
are diagnosed at an advanced stage.”® Currently, diagnosis and
subtype classification of EOC into the serous, mucinous, clear-
cell, and endometrioid variants is obtained by incisional or aspi-
ration biopsy. Non-invasive assessment with VB could provide
relevant information to the clinicians, potentially useful for
treatment planning. A VB application example is provided by
Pan et al,'” which have developed a classification system based on
radiomics and semantic features to distinguish serous and muci-
nous pathological types in patients with pathology-confirmed
ovarian cystadenoma, yielding excellent results (AUC of 0.92).

EOC is classified into two categories having different clinico-
pathological and molecular features. Type I is characterised by
indolent behaviour and when confined to the ovary has an excel-
lent prognosis, while Type IT has a far more aggressive behaviour,
resulting in a poor overall prognosis. To non-invasively differ-
entiate between these two categories, an MRI-based radiomics
model has been developed and externally validated (AUC = 0.85)
by Jian et al.”' The authors were able to identify the most critical
regions for differentiating between Type I and Type II EOC, i.e.
the border zone between the solid and cystic components and
the less compact area of the solid component.

Few studies have integrated genetic features into radiomics
signatures during model development. These studies explore the
correlation between biological information, molecular signalling
pathways, and tumour microenvironment, integrating radio-
mics features and genetic data. Meier et al,”’ e.g. searched for the
presence of associations between morphology-related radiomics
features (GLCM) and BRCA mutational status (BRCA1, BRCA2
and negative) in high-grade serous ovarian carcinoma (HGSOC)
patients that underwent CT. Unfortunately, they did not find
significant associations. Further analysis of other radiomics
feature subgroups and advanced computational analysis will be
required to quantitatively analyse phenotypic traits on standard
of care CT.

Cervical and endometrial cancer

Among gynaecologic malignancies, endometrial cancer (EC)
is characterised by a good prognosis, having a 5-year patient
survival rate of 84%. However, if incorrectly staged, low-risk
patients may undergo unnecessary surgery with overtreatment.”’
Opposite, high-risk patients could be undertreated, with a dismal
survival rate. EC patients could therefore benefit from precision
oncology diagnostic tools. Supp Table 8'%% presents studies on
VB models for assessing tumour aggressiveness and evaluating
genetic correlations in patients with EC. In particular, Fasmer
et al*” developed an MRI-based model to non-invasively assess
EC aggressiveness. Their radiomic signatures yielded prom-
ising results, proving the innovative ability of the VB to capture
relevant markers from the whole volume, compared to the
traditional biopsy which provides the outcome of a specimen.
Moreover, Veeraraghavan et al'” developed a radiogenomics VB
tool to non-invasively identify DNA mismatch repair deficient
(MMR-D) and tumour mutational burden-high (TMB-H) in

EC patients from CT. They were relatively accurate in identi-
fying both MMR-D (AUC = 0.78) and TMB-H (AUC = 0.87).
In conclusion, VB may provide an adjunct tool to molecular
profiling, given its potential advantage in the setting of intra-
tumor heterogeneity.

Prostate cancer

Prostate cancer (PCa) diagnosis is now greatly supported by
multiparametric MRL®" Unfortunately, PCa detection is affected
by the radiologist’s experience, scanning protocol, and MR equip-
ment." In this context, VB could undoubtedly bring a benefit to
the patient. The opportunity to differentiate benign hypertrophy,
inflammation, or normal prostatic tissue from PCa could allow
the biopsy needle to be directed toward the most suspicious
areas within the gland. Automatic lesion and prostate segmenta-
tion could make it easier and faster to perform fusion biopsy or
could allow accurate radiotherapy planning, boosting the dose to
cancer lesions. Moreover, biopsy is well known to underestimate,
or overestimate disease grade due to lesion heterogeneity. Also,
visual MRI assessment is not supportive, being not sufficiently
granular to detect different levels of lesion aggressiveness.

Recent publications on prostate VB applications, presented in
Supp Table 9,'%!#!*2482785 have shown that MRI-based VB
models can distinguish cancer from benign prostatic tissue with
an accuracy, evaluated by ROC analysis, between 0.89 and 0.94."*
Further testing will have to be performed in a clinical environ-
ment to assess the performances of radiologists by adding the
information provided by VB.*® Large data collections of high-
quality and well-annotated MRI examinations and metadata are
being implemented, allowing a significant breakthrough.®’

Just as tissue biopsy, VB may guide treatment selection in the
future. Patients with indolent cancer, if correctly diagnosed,
could be spared whole gland treatments. To this point, Giannini
et al'> developed a fully automated computer-aided diagnosis
system to localise, segment, and stratify PCa according to its
aggressiveness. This prototype, which was externally validated
on data from different MRI scanners yielded encouraging results
(AUC = 0.81). Similarly, Nicoletti et al'? developed a radiomic
model to distinguish between aggressive (GG = 3) and indolent
(GG < 2) PCa, based on bi-parametric MRI, yielding similar
results. Lastly, Woznicki et al*> developed an ML-based model
to categorise between: (a) histologically proven PCa and benign
prostate lesions; (b) clinically significant (GG = 2) vs non-
significant PCa. The main finding of the latter study was that the
ML model showed higher predictive performance in comparison
to the PIRADS as well as clinical biomarkers, such as PSA density
and digital rectal examination.

CONCLUSIONS

This review discusses the evolving role of VB as an alternative
to traditional tissue biopsy. VB has shown promise in abdom-
inal pathology in particular to detect and grade tumours, and
may also provide information on their mutational status. Advan-
tages of VB include its low cost, the opportunity to assess the
entire lesion, providing information on its heterogeneity, its non-
invasiveness, and its short turnaround time. However, VB has
the disadvantage of having a low spatial and contrast resolution,
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with respect to tissue biopsy that is able to explore processes at a
subcellular level. For the above reasons, VB will never substitute
tissue biopsy but will more probably limit its use to well-selected
patients where imaging does not provide a conclusive diagnosis.
The development of VB biomarkers is held back by the lack
of large databases providing well-annotated and high-quality
images, and their accompanying metadata, including robust
reference standards, which limit the opportunity of performing
extensive validation studies. Indeed, the variability introduced
using different scanners, software, and acquisition protocols, as
well as the different examined populations, may limit the gener-
alisability and reproducibility of the results.

In the future, more reliable holistic biomarkers will be devel-
oped by integrating the information derived from VB with
that of other omics, paving the way to a personalised, precision
approach to each patient.

ACKNOWLEDGEMENTS

This work has received funding from the Fondazione AIRC
under IG2017 - ID.20398 program - PI. Regge Daniele, from the
Fondazione AIRC under 5 per mille 2018 - ID. 21091 program -
PI. Bardelli Alberto, G.L. Daniele Regge and from the European
Union’s Horizon 2020 research and innovation program under
grant agreement no 952159.

REFERENCES

1.

Shui L, Ren H, Yang X, Li ], Chen Z, Yi C,
et al. The era of radiogenomics in precision

cancer: from engineering to clinical practice.
Diagnostics 2021; 11(5): 756. https://doi.org/

] Magn Reson Imaging 2020; 51: 1890-99.
https://doi.org/10.1002/jmri.27008

medicine: an emerging approach to 10.3390/diagnostics11050756 15. Veeraraghavan H, Friedman CF, DeLair
support diagnosis, treatment decisions, and 9. Defeudis A, De Mattia C, Rizzetto F, DE, Nincevi¢ ], Himoto Y, Bruni SG, et al.
prognostication in oncology. Front Oncol Calderoni E, Mazzetti S, Torresin A, et al. Machine learning-based prediction of
2021; 10. https://doi.org/10.3389/fonc.2020. Standardization of CT radiomics features microsatellite instability and high tumor
570465 for multi-center analysis: impact of software mutation burden from contrast-enhanced

2. Purnell SD, Bloom JB, Valera V, Wood settings and parameters. Phys Med Biol 2020; computed tomography in endometrial
BJ, Turkbey B, Pinto PA. Targeted biopsy: 65(19): 195012. https://doi.org/10.1088/ cancers. Sci Rep 2020; 10: 1-10. https://doi.
benefits and limitations. Curr Opin Urol 1361-6560/ab9f61 org/10.1038/s41598-020-72475-9
2018; 28: 219-26. https://doi.org/10.1097/ 10. Nicoletti G, Barra D, Defeudis A, Mazzetti 16. Zhang H, Mao Y, Chen X, Wu G, Liu X,
MOU.0000000000000481 S, Gatti M, Faletti R, et al. Virtual biopsy Zhang P, et al. Magnetic resonance imaging

3. Omer A, Lamb AD. Optimizing prostate in prostate cancer: can machine learning radiomics in categorizing ovarian masses and
biopsy techniques. Curr Opin Urol 2019; distinguish low and high aggressive tumors predicting clinical outcome: a preliminary
29: 578-86. https://doi.org/10.1097/MOU. on MRI? Annu Int Conf IEEE Eng Med Biol study. Eur Radiol 2019; 29: 3358-71. https://
0000000000000678 S0c2021; 2021: 3374-77. https://doi.org/10. doi.org/10.1007/s00330-019-06124-9

4. van Timmeren JE, Cester D, Tanadini-Lang 1109/EMBC46164.2021.9630988 17. Pan S, Ding Z, Zhang L, Ruan M, Shan Y,

S, Alkadhi H, Baessler B. Radiomics in 11. SongY,LiJ, Wang H, Liu B, Yuan C, Liu Deng M, et al. A nomogram combined
medical imaging-" how-to" guide and critical H, et al. Radiomics nomogram based radiomic and semantic features as imaging
reflection. Insights Imaging 2020; 11(1): 91. on contrast-enhanced CT to predict the biomarker for classification of ovarian
https://doi.org/10.1186/s13244-020-00887-2 malignant potential of gastrointestinal cystadenomas. Front Oncol 2020; 10: 1-10.

5. Giannini V, Rosati S, Defeudis A, Balestra stromal tumor: a two-center study. Acad https://doi.org/10.3389/fonc.2020.00895
G, Vassallo L, Cappello G, et al. Radiomics Radiol 2021; 29: 806-16. https://doi.org/10. 18. ShiR, Chen W, Yang B, Qu J, Cheng Y, Zhu
predicts response of individual HER2- 1016/j.acra.2021.05.005 Z, et al. Prediction of KRAS, NRAS and
amplified colorectal cancer liver metastases 12. Purkayastha S, Zhao Y, Wu J, Hu R, McGirr BRAF status in colorectal cancer patients
in patients treated with HER2-targeted A, Singh S, et al. Differentiation of low and with liver metastasis using a deep artificial
therapy. Int ] Cancer 2020; 147: 3215-23. high grade renal cell carcinoma on routine neural network based on radiomics and
https://doi.org/10.1002/ijc.33271 MRI with an externally validated automatic semantic features. Am J Cancer Res [Internet]

6. Orlhac E Eertink J], Cottereau A-S, Zijlstra machine learning algorithm. Sci Rep 2020; 2020; 10: 4513-26. Available from: http://
JM, Thieblemont C, Meignan M, et al. A 10: 1-8. https://doi.org/10.1038/541598-020- www.ncbi.nlm.nih.gov/pubmed/33415015%
guide to ComBat harmonization of imaging 76132-z 0Ahttp://www.pubmedcentral.nih.gov/
biomarkers in multicenter studies. ] Nucl 13. Giannini V, Mazzetti S, Defeudis A, Stranieri articlerender.fcgi?artid=PMC7783758
Med 2022; 63: 172-79. https://doi.org/10. G, Calandri M, Bollito E, et al. A fully 19. Frokjeer JB, Lisitskaya MV, Jorgensen AS,
2967/jnumed.121.262464 automatic artificial intelligence system able Ostergaard LR, Hansen TM, Drewes AM,

7. Riley RD, Snell KIE, Ensor ], Burke DL, to detect and characterize prostate cancer et al. Pancreatic magnetic resonance imaging
Harrell FE, Moons KGM, et al. Minimum using multiparametric MRI: multicenter and texture analysis in chronic pancreatitis:
sample size for developing a multivariable multi-scanner validation. Front Oncol 2021; a feasibility and validation study. Abdom
prediction model: Part I - Continuous 11: 1-13. https://doi.org/10.3389/fonc.2021. Radiol 2020; 45: 1497-1506. https://doi.org/
outcomes. Stat Med 2019; 38: 1262-75. 718155 10.1007/s00261-020-02512-8
https://doi.org/10.1002/sim.7993 14. QiY, Zhang S, Wei ], Zhang G, Lei J, Yan W, 20. Petkovska I, Tixier F, Ortiz EJ, Golia Pernicka

8. Coppola E, Giannini V, Gabelloni M, Panic et al. Multiparametric MRI-based radiomics JS, Paroder V, Bates DD, et al. Clinical utility
J, Defeudis A, Lo Monaco S, et al. Radiomics for prostate cancer screening with PSA in of radiomics at baseline rectal MRI to predict
and magnetic resonance imaging of rectal 4-10 ng/ml to reduce unnecessary biopsies. complete response of rectal cancer after

7 of 10 birpublications.org/bjro BJR Open,5:20220055


https://doi.org/10.3389/fonc.2020.570465
https://doi.org/10.3389/fonc.2020.570465
https://doi.org/10.1097/MOU.0000000000000481
https://doi.org/10.1097/MOU.0000000000000481
https://doi.org/10.1097/MOU.0000000000000678
https://doi.org/10.1097/MOU.0000000000000678
https://doi.org/10.1186/s13244-020-00887-2
https://doi.org/10.1002/ijc.33271
https://doi.org/10.2967/jnumed.121.262464
https://doi.org/10.2967/jnumed.121.262464
https://doi.org/10.1002/sim.7993
https://doi.org/10.3390/diagnostics11050756
https://doi.org/10.3390/diagnostics11050756
https://doi.org/10.1088/1361-6560/ab9f61
https://doi.org/10.1088/1361-6560/ab9f61
https://doi.org/10.1109/EMBC46164.2021.9630988
https://doi.org/10.1109/EMBC46164.2021.9630988
https://doi.org/10.1016/j.acra.2021.05.005
https://doi.org/10.1016/j.acra.2021.05.005
https://doi.org/10.1038/s41598-020-76132-z
https://doi.org/10.1038/s41598-020-76132-z
https://doi.org/10.3389/fonc.2021.718155
https://doi.org/10.3389/fonc.2021.718155
https://doi.org/10.1002/jmri.27008
https://doi.org/10.1038/s41598-020-72475-9
https://doi.org/10.1038/s41598-020-72475-9
https://doi.org/10.1007/s00330-019-06124-9
https://doi.org/10.1007/s00330-019-06124-9
https://doi.org/10.3389/fonc.2020.00895
http://www.ncbi.nlm.nih.gov/pubmed/33415015%0Ahttp://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=PMC7783758
http://www.ncbi.nlm.nih.gov/pubmed/33415015%0Ahttp://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=PMC7783758
http://www.ncbi.nlm.nih.gov/pubmed/33415015%0Ahttp://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=PMC7783758
http://www.ncbi.nlm.nih.gov/pubmed/33415015%0Ahttp://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=PMC7783758
https://doi.org/10.1007/s00261-020-02512-8
https://doi.org/10.1007/s00261-020-02512-8

BJR|Open Defeudis et a/

chemoradiation therapy. Abdom Radiol 2020;
45: 3608-17. https://doi.org/10.1007/s00261-
020-02502-w

stromal tumors: a multi-center study. Front
Oncol 2021; 11: 1-6. https://doi.org/10.3389/
fonc.2021.689136

39.

Radiol 2019; 29: 4418-26. https://doi.org/10.
1007/s00330-018-5802-7
Lu HC, Wang E Yin JD. Texture analysis

21. Wang J-C, Fu R, Tao XW, Mao YF, Wang F, 30. Zhang Q-W, Gao Y-J, Zhang R-Y, Zhou based on sagittal fat-suppression and
Zhang ZC, et al. A radiomics-based model X-X, Chen S-L, Zhang Y, et al. Personalized transverse T2-weighted magnetic resonance
on non-contrast CT for predicting cirrhosis: CT-based radiomics nomogram imaging for determining local invasion of
make the most of image data. Biomark preoperative predicting Ki-67 expression rectal cancer. Front Oncol 2020; 10: 1-9.

Res 2020; 8: 1-12. https://doi.org/10.1186/ in gastrointestinal stromal tumors: a https://doi.org/10.3389/fonc.2020.01476
$40364-020-00219-y multicenter development and validation 40. MaX, ShenFE JiaY,XiaY,LiQ, Lu].

22. Park S, Chu LC, Hruban RH, Vogelstein B, cohort. Clin Transl Med 2020; 9(1): 12. MRI-Based radiomics of rectal cancer:
Kinzler KW, Yuille AL, et al. Differentiating https://doi.org/10.1186/s40169-020-0263-4 preoperative assessment of the pathological
autoimmune pancreatitis from pancreatic 31. Wang M, Feng Z, Zhou L, Zhang L, Hao features. BMC Med Imaging 2019; 19: 1-7.
ductal adenocarcinoma with CT radiomics X, Zhai J. Computed-tomography-based https://doi.org/10.1186/s12880-019-0392-7
features. Diagn Interv Imaging 2020; 101: radiomics model for predicting the 41. Negreros-Osuna AA, Parakh A, Corcoran
555-64. https://doi.org/10.1016/j.diii.2020. malignant potential of gastrointestinal RB, Pourvaziri A, Kambadakone A, Ryan DP,
03.002 stromal tumors preoperatively: a multi- et al. Radiomics texture features in advanced

23. GuD, HuY, Ding H, Wei ], Chen K, Liu H, classifier and multicenter study. Front Oncol colorectal cancer: correlation with BRAF
et al. CT radiomics may predict the grade 2021; 11: 1-8. https://doi.org/10.3389/fonc. mutation and 5-year overall survival. Radiol
of pancreatic neuroendocrine tumors: a 2021.582847 Imaging Cancer 2020; 2(5): €190084. https://
multicenter study. Eur Radiol 2019; 29: 32. ChuH, Pang P, He J, Zhang D, Zhang M, doi.org/10.1148/rycan.2020190084
6880-90. https://doi.org/10.1007/s00330- Qiu Y, et al. Value of radiomics model based 42. SunY, Hu P, Wang J, Shen L, Xia F, Qing G,
019-06176-x on enhanced computed tomography in risk et al. Radiomic features of pretreatment MRI

24. Bagher-Ebadian H, Janic B, Liu C, Pantelic grade prediction of gastrointestinal stromal could identify T stage in patients with rectal
M, Hearshen D, Elshaikh M, et al. Detection tumors. Sci Rep 2021; 11: 1-7. https://doi. cancer: preliminary findings. ] Magn Reson
of dominant intra-prostatic lesions in org/10.1038/s41598-021-91508-5 Imaging 2018; 48: 615-21. https://doi.org/10.
patients with prostate cancer using an 33. ZhangL, Kang L, Li G, Zhang X, Ren J, 1002/jmri.25969
artificial neural network and MR multi- Shi Z, et al. Computed tomography-based 43. Oh JE, Kim M]J, Lee J, Hur BY, Kim B, Kim
modal radiomics analysis. Front Oncol 2019; radiomics model for discriminating the DY, et al. Magnetic resonance-based texture
9: 1-4. https://doi.org/10.3389/fonc.2019. risk stratification of gastrointestinal stromal analysis differentiating KRAS mutation status
01313 tumors. Radiol Med 2020; 125: 465-73. in rectal cancer. Cancer Res Treat 2020; 52:

25. LiuY, Fan H, Dong D, Liu P, He B, Meng L, https://doi.org/10.1007/s11547-020-01138-6 51-59. https://doi.org/10.4143/crt.2019.050
et al. Computed tomography-based radiomic 34. Al-Share B, Alloghbi A, Al Hallak MN, 44. Xu X, Zhang HL, Liu QP, Sun SW, Zhang J,
model at node level for the prediction of Uddin H, Azmi A, Mohammad RM, et al. Zhu FP, et al. Radiomic analysis of contrast-
normal-sized lymph node metastasis in Gastrointestinal stromal tumor: a review enhanced CT predicts microvascular
cervical cancer. Transl Oncol 2021; 14(8): of current and emerging therapies. Cancer invasion and outcome in hepatocellular
101113. https://doi.org/10.1016/j.tranon. Metastasis Rev 2021; 40: 625-41. https://doi. carcinoma. ] Hepatol 2019; 70: 1133-44.
2021.101113 0rg/10.1007/510555-021-09961-7 https://doi.org/10.1016/j.jhep.2019.02.023

26. Panic ], Defeudis A, Mazzetti S, Rosati 35. CuiY, LiuH,RenJ,DuX, XinL, Li D, et al. 45. Jiang H, Liu X, Chen J, Wei Y, Lee JM,

S, Giannetto G, Vassallo L, et al. A Development and validation of a MRI-based Cao L, et al. Man or machine? prospective
convolutional neural network based system radiomics signature for prediction of KRAS comparison of the version 2018 EASL,

for colorectal cancer segmentation on MRI mutation in rectal cancer. Eur Radiol 2020; LI-RADS criteria and a radiomics model to
images. Annu Int Conf IEEE Eng Med Biol 30: 1948-58. https://doi.org/10.1007/s00330- diagnose hepatocellular carcinoma. Cancer
Soc 2020; 2020: 1675-78. https://doi.org/10. 019-06572-3 Imaging 2019; 19: 1-13. https://doi.org/10.
1109/EMBC44109.2020.9175804 36. Meng X, Xia W, Xie P, Zhang R, Li W, 1186/540644-019-0266-9

27. Barra D, Nicoletti G, Defeudis A, Mazzetti Wang M, et al. Preoperative radiomic 46. Wu M, Tan H, Gao F, Hai ], Ning P, Chen J,
S, Panic J, Gatti M, et al. Deep learning signature based on multiparametric et al. Predicting the grade of hepatocellular
model for automatic prostate segmentation magnetic resonance imaging for noninvasive carcinoma based on non-contrast-enhanced
on bicentric T2w images with and without evaluation of biological characteristics in MRI radiomics signature. Eur Radiol 2019;
endorectal coil. Annu Int Conf IEEE Eng Med rectal cancer. Eur Radiol 2019; 29: 3200 29: 2802-11. https://doi.org/10.1007/s00330-
Biol Soc 2021; 2021: 3370-73. https://doi.org/ 3209. https://doi.org/10.1007/s00330-018- 018-5787-2
10.1109/EMBC46164.2021.9630792 5763-x 47. MaX, Wei J, Gu D, Zhu Y, Feng B, Liang

28. Zhang Q, Zhou X, Zhang R, Chen S, Liu Q, 37. Shu Z, Fang S, Ding Z, Mao D, Cai R, Chen M, et al. Preoperative radiomics nomogram
Wang J, et al. Comparison of malignancy- Y, et al. MRi-Based radiomics nomogram for microvascular invasion prediction in
prediction efficiency between contrast and to detect primary rectal cancer with hepatocellular carcinoma using contrast-
non-contract CT-based radiomics features synchronous liver metastases. Sci Rep 2019; enhanced CT. Eur Radiol 2019; 29:
in gastrointestinal stromal tumors: a 9: 1-10. https://doi.org/10.1038/s41598-019- 3595-3605. https://doi.org/10.1007/s00330-
multicenter study. Clin Transl Med 2020; 10: 39651-y 018-5985-y
1-7. https://doi.org/10.1002/ctm2.91 38. LiuH, Zhang C, Wang L, Luo R, Li]J, 48. Zhu Y-J, Feng B, Wang S, Wang L-M, Wu

29. ZhaoY, Feng M, Wang M, Zhang L, Li M, Zheng H, et al. MRI radiomics analysis for J-E, Ma X-H, et al. Model-Based three-
Huang C. CT radiomics for the preoperative predicting preoperative synchronous distant dimensional texture analysis of contrast-
prediction of Ki67 index in gastrointestinal metastasis in patients with rectal cancer. Eur enhanced magnetic resonance imaging as

8 of 10 birpublications.org/bjro BJR Open;5:20220055


https://doi.org/10.1007/s00261-020-02502-w
https://doi.org/10.1007/s00261-020-02502-w
https://doi.org/10.1186/s40364-020-00219-y
https://doi.org/10.1186/s40364-020-00219-y
https://doi.org/10.1016/j.diii.2020.03.002
https://doi.org/10.1016/j.diii.2020.03.002
https://doi.org/10.1007/s00330-019-06176-x
https://doi.org/10.1007/s00330-019-06176-x
https://doi.org/10.3389/fonc.2019.01313
https://doi.org/10.3389/fonc.2019.01313
https://doi.org/10.1016/j.tranon.2021.101113
https://doi.org/10.1016/j.tranon.2021.101113
https://doi.org/10.1109/EMBC44109.2020.9175804
https://doi.org/10.1109/EMBC44109.2020.9175804
https://doi.org/10.1109/EMBC46164.2021.9630792
https://doi.org/10.1109/EMBC46164.2021.9630792
https://doi.org/10.1002/ctm2.91
https://doi.org/10.3389/fonc.2021.689136
https://doi.org/10.3389/fonc.2021.689136
https://doi.org/10.1186/s40169-020-0263-4
https://doi.org/10.3389/fonc.2021.582847
https://doi.org/10.3389/fonc.2021.582847
https://doi.org/10.1038/s41598-021-91508-5
https://doi.org/10.1038/s41598-021-91508-5
https://doi.org/10.1007/s11547-020-01138-6
https://doi.org/10.1007/s10555-021-09961-7
https://doi.org/10.1007/s10555-021-09961-7
https://doi.org/10.1007/s00330-019-06572-3
https://doi.org/10.1007/s00330-019-06572-3
https://doi.org/10.1007/s00330-018-5763-x
https://doi.org/10.1007/s00330-018-5763-x
https://doi.org/10.1038/s41598-019-39651-y
https://doi.org/10.1038/s41598-019-39651-y
https://doi.org/10.1007/s00330-018-5802-7
https://doi.org/10.1007/s00330-018-5802-7
https://doi.org/10.3389/fonc.2020.01476
https://doi.org/10.1186/s12880-019-0392-7
https://doi.org/10.1148/rycan.2020190084
https://doi.org/10.1148/rycan.2020190084
https://doi.org/10.1002/jmri.25969
https://doi.org/10.1002/jmri.25969
https://doi.org/10.4143/crt.2019.050
https://doi.org/10.1016/j.jhep.2019.02.023
https://doi.org/10.1186/s40644-019-0266-9
https://doi.org/10.1186/s40644-019-0266-9
https://doi.org/10.1007/s00330-018-5787-2
https://doi.org/10.1007/s00330-018-5787-2
https://doi.org/10.1007/s00330-018-5985-y
https://doi.org/10.1007/s00330-018-5985-y

Review article: Virtual Biopsy in abdominal pathology: where do we stand?

a potential tool for preoperative prediction
of microvascular invasion in hepatocellular
carcinoma. Oncol Lett 2019; 18: 720-32.
https://doi.org/10.3892/01.2019.10378

58.

59.

Park W, Chawla A, O’Reilly EM. Pancreatic
cancer: a review. JAMA 2021; 326: 851-62.
https://doi.org/10.1001/jama.2021.13027
Tanaka M, Ferndndez-Del Castillo C,

68.

BJR|Open

Xu S, Yao Q, Liu G, Jin D, Chen H, Xu J,
et al. Combining DWI radiomics features
with transurethral resection promotes the
differentiation between muscle-invasive

49. Hectors SJ, Lewis S, Besa C, King M]J, Said D, Kamisawa T, Jang JY, Levy P, Ohtsuka T, bladder cancer and non-muscle-invasive
Putra J, et al. Mri radiomics features predict et al. Revisions of international consensus bladder cancer. Eur Radiol 2020; 30:
immuno-oncological characteristics of Fukuoka guidelines for the management of 1804-12. https://doi.org/10.1007/s00330-
hepatocellular carcinoma. Eur Radiol 2020, IPMN of the pancreas. Pancreatology 2017; 019-06484-2
30: 3759-69. https://doi.org/10.1007/s00330- 17:738-53. https://doi.org/10.1016/j.pan. 69. Zheng ], KongJ, Wu S, Li Y, Cai ], Yu H,
020-06675-2 2017.07.007 et al. Development of a noninvasive tool

50. Tobaly D, Santinha J, Sartoris R, Dioguardi 60. Fuji T, Umeda Y, Takagi K, Yoshida to preoperatively evaluate the muscular
Burgio M, Matos C, Cros J, et al. Ct-Based R, Yoshida K, Yasui K, et al. Optimal invasiveness of bladder cancer using a
radiomics analysis to predict malignancy in surveillance of intraductal papillary radiomics approach. Cancer 2019; 125:
patients with intraductal papillary mucinous mucinous neoplasms of the pancreas 4388-98. https://doi.org/10.1002/cncr.32490
neoplasm (IPMN) of the pancreas. Cancers focusing on remnant pancreas recurrence 70. Lin P, Wen DY, Chen L, Li X, Li SH, Yan
(Basel) 2020; 12: 3089: 1-19: . https://doi.org/ after surgical resection. BMC Cancer 2022; HB, et al. A radiogenomics signature for
10.3390/cancers12113089 22: 1-10. https://doi.org/10.1186/s12885- predicting the clinical outcome of bladder

51. Chen P-T, Chang D, Yen H, Liu K-L, Huang 022-09650-w urothelial carcinoma. Eur Radiol 2020; 30:
S-Y, Roth H, et al. Radiomic features at 61. Siegel RL, Miller KD, Goding Sauer A, 547-57. https://doi.org/10.1007/s00330-019-
CT can distinguish pancreatic cancer from Fedewa SA, Butterly LF, Anderson JC, et al. 06371-w
noncancerous pancreas. Radiol Imaging Colorectal cancer statistics, 2020. CA Cancer 71. JianJ, LiY, Pickhardt P], Xia W, He Z,
Cancer 2021; 3(4): €210010. https://doi.org/ J Clin 2020; 70: 145-64. https://doi.org/10. Zhang R, et al. Mr image-based radiomics
10.1148/rycan.2021210010 3322/caac.21601 to differentiate type I and type II epithelial

52. WeiR, Lin K, Yan W, Guo Y, Wang Y, Li ], 62. Said D, Hectors SJ, Wilck E, Rosen A, ovarian cancers. Eur Radiol 2021; 31: 403-10.
et al. Computer-aided diagnosis of pancreas Stocker D, Bane O, et al. Characterization https://doi.org/10.1007/s00330-020-07091-2
serous cystic neoplasms: a radiomics method of solid renal neoplasms using MRI-based 72. Veeraraghavan H, Vargas HA, Jimenez-
on preoperative MDCT images. Technol quantitative radiomics features. Abdom Sanchez A, Micco M, Mema E, Lakhman Y,
Cancer Res Treat 2019; 18: 1-9. https://doi. Radiol 2020; 45: 2840-50. https://doi.org/10. et al. Integrated multi-tumor radio-genomic
org/10.1177/1533033818824339 1007/500261-020-02540-4 marker of outcomes in patients with high

53. Chu LC, Solmaz B, Park S, Kawamoto S, 63. Zeng H, Chen L, Wang M, Luo Y, Huang Y, serous ovarian carcinoma. Cancers (Basel)
Yuille AL, Hruban RH, et al. Diagnostic Ma X. Integrative radiogenomics analysis for 2020; 12: 3403: 1-19: . https://doi.org/10.
performance of commercially available vs. predicting molecular features and survival in 3390/cancers12113403
in-house radiomics software in classification clear cell renal cell carcinoma. Aging (Albany 73. QiL, Chen D, Li C, Li ], Wang ], Zhang C,
of CT images from patients with pancreatic NY) 2021; 13: 9960-75. https://doi.org/10. et al. Diagnosis of ovarian neoplasms using
ductal adenocarcinoma vs. healthy controls. 18632/aging.202752 nomogram in combination with ultrasound
Abdom Radiol 2020; 45: 2469-75. https://doi. 64. Bai X, Huang Q, Zuo P, Zhang X, Yuan image-based radiomics signature and clinical
0rg/10.1007/500261-020-02556-w J, Zhang X, et al. Mri radiomics-based factors. Front Genet 2021; 12: 753948:

54. Bian'Y, Zhao Z, Jiang H, Fang X, Li J, Cao nomogram for individualised prediction of 753948: . https://doi.org/10.3389/fgene.2021.
K, et al. Noncontrast radiomics approach synchronous distant metastasis in patients 753948
for predicting grades of nonfunctional with clear cell renal cell carcinoma. Eur 74. Chiappa V, Bogani G, Interlenghi M,
pancreatic neuroendocrine tumors. Physiol Radiol 2021; 31: 1029-42. https://doi.org/10. Salvatore C, Bertolina F, Sarpietro G, et al.
Behav 2016; 176: 139-48. 1007/500330-020-07184-y The adoption of radiomics and machine

55. Ren S, Zhao R, Zhang J, Guo K, Gu X, Duan 65. Gurbani S, Morgan D, Jog V; Dreyfuss L, learning improves the diagnostic processes
S, et al. Diagnostic accuracy of unenhanced Shen M, Das A, et al. Evaluation of radiomics of women with ovarian masses (the
CT texture analysis to differentiate mass- and machine learning in identification AROMA pilot study). J Ultrasound 2021;
forming pancreatitis from pancreatic ductal of aggressive tumor features in renal cell 24: 429-37. https://doi.org/10.1007/s40477-
adenocarcinoma. Abdom Radiol 2020; 45: carcinoma (RCC). Abdom Radiol (NY) 2021; 020-00503-5
1524-33. https://doi.org/10.1007/s00261- 46: 4278-88. https://doi.org/10.1007/s00261- 75. Yu XP, Wang L, Yu HY, Zou YW, Wang
020-02506-6 021-03083-y C, Jiao JW, et al. MDCT-based radiomics

56. Zhao Z, Bian Y, Jiang H, Fang X, Li J, Cao K, 66. Wang H, Hu D, Yao H, Chen M, Li S, features for the differentiation of serous
et al. CT-radiomic approach to predict G1/2 Chen H, et al. Radiomics analysis of borderline ovarian tumors and serous
nonfunctional pancreatic neuroendocrine multiparametric MRI for the preoperative malignant ovarian tumors. Cancer Manag
tumor. Acad Radiol 2020; 27: €272-81. evaluation of pathological grade in bladder Res 2021; 13: 329-36. https://doi.org/10.
https://doi.org/10.1016/j.acra.2020.01.002 cancer tumors. Eur Radiol 2019; 29: 6182-90. 2147/CMAR.5284220

57. Attiyeh MA, Chakraborty ], McIntyre CA, https://doi.org/10.1007/s00330-019-06222-8 76. Zhu H, AiY, Zhang J, Zhang ], Jin J, Xie
Kappagantula R, Chou Y, Askan G, et al. 67. Zhang G, Wu Z, Xu L, Zhang X, Zhang D, C, et al. Preoperative nomogram for
CT radiomics associations with genotype Mao L, et al. Deep learning on enhanced CT differentiation of histological subtypes
and stromal content in pancreatic ductal images can predict the muscular invasiveness in ovarian cancer based on computer
adenocarcinoma. Abdom Radiol 2019; 44: of bladder cancer. Front Oncol 2021; 11: tomography radiomics. Front Oncol 2021;
3148-57. https://doi.org/10.1007/s00261- 1-10. https://doi.org/10.3389/fonc.2021. 11: 9: 1: . https://doi.org/10.3389/fonc.2021.
019-02112-1 654685 642892

9 of 10 birpublications.org/bjro BJR Open,5:20220055


https://doi.org/10.3892/ol.2019.10378
https://doi.org/10.1007/s00330-020-06675-2
https://doi.org/10.1007/s00330-020-06675-2
https://doi.org/10.3390/cancers12113089
https://doi.org/10.3390/cancers12113089
https://doi.org/10.1148/rycan.2021210010
https://doi.org/10.1148/rycan.2021210010
https://doi.org/10.1177/1533033818824339
https://doi.org/10.1177/1533033818824339
https://doi.org/10.1007/s00261-020-02556-w
https://doi.org/10.1007/s00261-020-02556-w
https://doi.org/10.1007/s00261-020-02506-6
https://doi.org/10.1007/s00261-020-02506-6
https://doi.org/10.1016/j.acra.2020.01.002
https://doi.org/10.1007/s00261-019-02112-1
https://doi.org/10.1007/s00261-019-02112-1
https://doi.org/10.1001/jama.2021.13027
https://doi.org/10.1016/j.pan.2017.07.007
https://doi.org/10.1016/j.pan.2017.07.007
https://doi.org/10.1186/s12885-022-09650-w
https://doi.org/10.1186/s12885-022-09650-w
https://doi.org/10.3322/caac.21601
https://doi.org/10.3322/caac.21601
https://doi.org/10.1007/s00261-020-02540-4
https://doi.org/10.1007/s00261-020-02540-4
https://doi.org/10.18632/aging.202752
https://doi.org/10.18632/aging.202752
https://doi.org/10.1007/s00330-020-07184-y
https://doi.org/10.1007/s00330-020-07184-y
https://doi.org/10.1007/s00261-021-03083-y
https://doi.org/10.1007/s00261-021-03083-y
https://doi.org/10.1007/s00330-019-06222-8
https://doi.org/10.3389/fonc.2021.654685
https://doi.org/10.3389/fonc.2021.654685
https://doi.org/10.1007/s00330-019-06484-2
https://doi.org/10.1007/s00330-019-06484-2
https://doi.org/10.1002/cncr.32490
https://doi.org/10.1007/s00330-019-06371-w
https://doi.org/10.1007/s00330-019-06371-w
https://doi.org/10.1007/s00330-020-07091-2
https://doi.org/10.3390/cancers12113403
https://doi.org/10.3390/cancers12113403
https://doi.org/10.3389/fgene.2021.753948
https://doi.org/10.3389/fgene.2021.753948
https://doi.org/10.1007/s40477-020-00503-5
https://doi.org/10.1007/s40477-020-00503-5
https://doi.org/10.2147/CMAR.S284220
https://doi.org/10.2147/CMAR.S284220
https://doi.org/10.3389/fonc.2021.642892
https://doi.org/10.3389/fonc.2021.642892

BJR|Open Defeudis et a/

77. Meier A, Veeraraghavan H, Nougaret 81. Mottet N, Cornford P, van den Bergh RCN, indolent and aggressive prostate cancer. Br J
S, Lakhman Y, Sosa R, Soslow RA, et al. Briers E, De Santis M, Gillessen S, et al. Radiol 2022; 95. https://doi.org/10.1259/bjr.
Association between CT-texture-derived EAU guidelines. Edn. presented at the EAU 20210191
tumor heterogeneity, outcomes, and BRCA Annual Congress Amsterdam. In: Eur Urol. ; 85. Hu L, Zhou DW, Fu CX, Benkert T, Jiang CY,
mutation status in patients with high-grade 2022. Li RT, et al. Advanced zoomed diffusion-
serous ovarian cancer. Abdom Radiol 2019; 82. Woznicki P, Westhoff N, Huber T, weighted imaging vs. full-field-of-view
44:2040-2047. https://doi.org/10.1007/ Riffel P, Froelich MF, Gresser E, et al. diffusion-weighted imaging in prostate
$00261-018-1840-5 Multiparametric MRI for prostate cancer detection: a radiomic features study.

78. Kuroki L, Guntupalli SR. Treatment of cancer characterization: combined use Eur Radiol 2021; 31: 1760-69. https://doi.
epithelial ovarian cancer. BMJ 2020; 371: of radiomics model with PI-RADS and org/10.1007/s00330-020-07227-4
1-20. https://doi.org/10.1136/bmj.m3773 clinical parameters. Cancers (Basel) 2020; 86. Rizzetto F, Calderoni F, De Mattia C,

79. Schuurman T, Zilver S, Samuels S, Schats W, 12: 1767: 1-14: . https://doi.org/10.3390/ Defeudis A, Giannini V, Mazzetti S, et al.
Amant F, van Trommel N, et al. Fertility- cancers12071767 Impact of inter-reader contouring variability
Sparing surgery in gynecologic cancer: a 83. Chen T, Li M, Gu Y, Zhang Y, Yang S, Wei on textural radiomics of colorectal liver
systematic review. Cancers (Basel) 2021; C, et al. Prostate cancer differentiation and metastases. Eur Radiol Exp 2020; 4(1): 62.
13: 1008: 1-23: . https://doi.org/10.3390/ aggressiveness: assessment with a radiomic- https://doi.org/10.1186/s41747-020-00189-8
cancers13051008 based model vs. pi-rads V2. [PI-RADS v2]. 87. ProCancer-I: An Al Platform integrating

80. Fasmer KE, Hodneland E, Dybvik JA, J Magn Reson Imaging 2019; 49: 875-84. imaging data and models, supporting
Wagner-Larsen K, Trovik ], Salvesen @, et al. https://doi.org/10.1002/jmri.26243 precision care through prostate cancer’s
Whole-volume tumor MRI radiomics for 84. Zhang L, Jiang D, Chen C, Yang X, Lei H, continuum” Topic: DT-TDS-05-2020: Al
prognostic modeling in endometrial cancer. Kang Z, et al. Development and validation for Health Imaging (EU Horizon 2020
] Magn Reson Imaging 2021; 53: 928-37. of a multiparametric MRI-based radiomics research and innovation programme n°
https://doi.org/10.1002/jmri.27444 signature for distinguishing between 952159).

10 of 10 birpublications.org/bjro BJR Open,5:20220055


https://doi.org/10.1007/s00261-018-1840-5
https://doi.org/10.1007/s00261-018-1840-5
https://doi.org/10.1136/bmj.m3773
https://doi.org/10.3390/cancers13051008
https://doi.org/10.3390/cancers13051008
https://doi.org/10.1002/jmri.27444
https://doi.org/10.3390/cancers12071767
https://doi.org/10.3390/cancers12071767
https://doi.org/10.1002/jmri.26243
https://doi.org/10.1259/bjr.20210191
https://doi.org/10.1259/bjr.20210191
https://doi.org/10.1007/s00330-020-07227-4
https://doi.org/10.1007/s00330-020-07227-4
https://doi.org/10.1186/s41747-020-00189-8

